Background and Aims A strong correlation exists between smoking and the use of alcohol and cannabis. This paper uses polygenic risk scores to explore the possibility of overlapping genetic factors. Those scores reflect a combined effect of selected risk alleles for smoking. Methods Summary-level P-values were available for smoking initiation, age at onset of smoking, cigarettes per day and smoking cessation from the Tobacco and Genetics Consortium (n between 22 000 and 70 000 subjects). Using different P-value thresholds (0.1, 0.2 and 0.5) from the meta-analysis, sets of 'risk alleles' were defined and used to generate a polygenic risk score (weighted sum of the alleles) for each subject in an independent target sample from the Netherlands Twin Register (n = 1583). The association between polygenic smoking scores and alcohol/cannabis use was investigated with regression analysis. Results The polygenic scores for 'cigarettes per day' were associated significantly with the number of glasses alcohol per week (P = 0.005, R 2 = 0.4-0.5%) and cannabis initiation (P = 0.004, R 2 = 0.6-0.9%). The polygenic scores for 'age at onset of smoking' were associated significantly with 'age at regular drinking' (P = 0.001, R 2 = 1.1-1.5%), while the scores for 'smoking initiation' and 'smoking cessation' did not significantly predict alcohol or cannabis use. Conclusions Smoking, alcohol and cannabis use are influenced by aggregated genetic risk factors shared between these substances. The many common genetic variants each have a very small individual effect size.
INTRODUCTION
A strong correlation exists between smoking and the use of other substances such as alcohol and cannabis. Smoking is correlated positively with alcohol consumption, the severity of alcohol dependence [1] and the use of cannabis [2] . Twin and family studies have shown that smoking behaviour [3] [4] [5] , alcohol consumption [6] [7] [8] and cannabis use [9] [10] [11] are influenced by genetic factors. Heritability estimates range from low to moderate for initiation of substance use to somewhat high for quantity and dependence [3, 5, [11] [12] [13] . The comorbidity of tobacco, alcohol and cannabis use is mediated by common genetic influences [14] [15] [16] .
In past years, genome-wide association (GWA) studies of smoking behaviour revealed several regions and candidate genes [17] [18] [19] [20] . However, none of these GWA studies reported genome-wide significant results, because of the limited sample sizes. It is now recognized that a well-powered GWA needs to include tens of thousands and possibly hundreds of thousands of subjects. In 2010, three large consortia, the Oxford-GlaxoSmithKline (Ox-GSK), Tobacco and Genetics Consortium (TAG) and the European Network for Genetic and Genomic Epidemiology (ENGAGE) consortium, each carried out a metaanalysis for smoking phenotypes. They also combined their analyses for smoking initiation and cigarettes per day (CPD) [21] [22] [23] [24] . The most significant finding was the association between the number of CPD and a cluster of nicotinic receptor genes on chromosome 15 [21] [22] [23] [24] .
For cannabis use, several candidate genes are suggested based on linkage and association studies [25] , but a GWA meta-analysis based on two samples (effective sample size 4312) [26] and a GWA analysis of cannabis dependence did not reveal genome-wide significant results [27] .
Rietschel & Treutlein [28] reviewed the current literature on alcohol GWAS and concluded that few genomewide significant findings have been reported. Among the top findings are often alcohol dehydrogenase genes (ADH and ALDH2), although a variety of other genes is also reported.
Twin-family studies suggested a genetic overlap between use of different substances, but so far none of the top results in GWA studies for smoking, alcohol and cannabis overlapped.
Some examples exist of well-known substance-specific genes that are also associated with another substance. Mouse studies showed, for example, that polymorphisms located within the Chrna5-Chrna3-Chrnb4 cluster on mouse chromosome 9 (well-known smoking genes) co-segregate with alcohol preference in mice [29] . This suggests there is some overlap in risk genes for substance use or abuse.
The effect sizes of individual risk alleles underlying substance use are small, with most genotype relative risks in the range of 1.1-2.0. The joint effect of all measured DNA variants explained 19-28% of the variance in smoking initiation, 24-44% in current smoking [30] and 6% in cannabis use [26] . These findings suggest that individuals may be at risk for substance use through multiple genetic variants each with a small contribution.
Polygenic risk scores have been used to summarize genetic effects among a group of genetic variants that do not individually achieve significance in a large-scale association study. First, a meta-analysis on GWA results is conducted on an initial discovery sample, and the markers are ranked by their evidence for association, usually based on their P-values. An independent target sample is then analysed by constructing a polygenic score consisting of the weighted sum of the associated alleles within each subject. Association between a trait and this score implies a genetic effect of the trait in the discovery sample on the trait in the target sample. The first successful application of a polygenic risk score analysis was in a GWA study of schizophrenia [31] . A polygenic risk score based on the GWA for schizophrenia was associated with the risk of bipolar disorder, but not to several nonpsychiatric diseases (which suggested disease specificity). The polygenic risk score method has been used in several studies, with mixed results. Some studies report positive associations (for example [32] [33] [34] [35] ), while others did not find evidence that common genetic risk variation is shared between two traits (for example [36, 37] ). This might be due to the size of the discovery sample (because the accuracy of the prediction score increases with the size of the discovery sample), or it may indicate a lack of genetic overlap.
In the present study, polygenic risk scores for smoking were identified based on the large metaanalysis of the Tobacco and Genetics (TAG) Consortium including 20 000-70 000 subjects. Four phenotypes were included in the TAG GWA meta-analysis: ever versus never regular smoking (ever), age at onset of smoking (AOS), CPD and smoking cessation (former). The risk alleles from TAG were used to calculate a polygenic risk scores in an unrelated sample of the Netherlands Twin Register (NTR) (n = 1583) and the association between this risk score for smoking and alcohol/cannabis use was explored.
METHODS

Discovery sample from the TAG consortium
The TAG consortium reported summary-level P-values of the GWA meta-analysis of four smoking phenotypes based on 20 000-70 000 subjects [38] . Sixteen studies contributed to the meta-analysis and performed their own genotyping, quality control and imputation. Studies ranged in size from 585 to 22 037 and were genotyped on six different GWAS platforms.
Four dimensions of smoking behaviour were analysed [38] : 1 Ever versus never regular smokers (ever): regular smokers (1) were defined as those who reported having smoked ≥100 cigarettes during their life-time, and never regular smokers (0) were defined as those who reported having smoked between 0 and 99 cigarettes during their life-time; total sample size n = 69.409. 2 Age at onset of smoking (AOS): age of smoking initiation was the reported age the participant started smoking cigarettes; total sample size n = 22.438. 3 Cigarettes per day (CPD): the average or maximum (depending on study) number of cigarettes smoked per day; total sample size n = 38.181. 4 Smoking cessation (former): smoking cessation contrasted former (= 0) versus current (= 1) smokers. Each study conducted uniform cross-sectional analyses for each smoking phenotype using an additive genetic model. Linear regression was used for quantitative traits (CPD and AOS), and logistic regression was used for dichotomous traits (ever and former); total sample size n = 35.845.
The analyses were run separately for males and females. Because the TAG consortium did not detect significant interactions by sex, data were analysed together. Age was not included as a covariate. Casecontrol studies included case/control status as a covariate, while cohort studies did not include an additional covariate.
Target sample from the NTR
The target sample consisted of subjects from the NTR who were not part of the TAG meta-analysis. The NTR collects longitudinal data in twin-families [39, 40] . In total, eight waves of survey data on personality, health and life-style were collected in 1991, 1993, 1995, 1997, 2000, 2002, 2004 use is collapsed into ever (1) and never (0). We have chosen alcohol and cannabis phenotypes as similar as possible to smoking phenotypes from the TAG study (CPD → glasses alcohol per week, AOS → age at regular alcohol use/age at cannabis initiation, ever smoked → ever used cannabis).
DNA samples [41] were genotyped in different projects and genotyping was performed on Affymetrix 6.0 (n = 298), Affymetrix Perlegen 5.0 (n = 3697), Illumina 370 (n = 290), Illumina 660 (n = 1439) and Illumina Omni Express 1 M (n = 455) platforms. Calls were made with platform-specific software (Genotyper; Beadstudio, San Diego, CA, USA). The quality control thresholds for single nucleotide polymorphisms (SNPs) were minor allele frequency (MAF) > 1%, Hardy-Weinberg equilibrium (HWE) > 0.00001, call rate >95% and 0.30 < heterozygosity <0.35. Samples were excluded from the data if their expected sex and IBD status did not match, or if the genotype missing rate was >10%. SNPs were aligned to the positive strand of the Hapmap-2-Build 36-release-24 CEU reference set. Alignment was checked using individuals and family members tested on multiple platforms. SNPs were excluded if allele frequencies differed more than 15% from the reference set and/or the other platforms. The data of the platforms were merged into a single data set (n = 5856). This merged set was imputed against the reference set using IMPUTE version 2. After imputation, genotype dosage was calculated if the highest genotype probability was above 90%. Badly imputed SNPs were removed based on HWE < 0.00001, proper-info < 0.40, MAF < 1%, allele frequency difference >0.15 against reference.
NTR subjects who participated in the Genetic Association Information Network (GAIN)-NTR study were excluded because those subjects were included in the original TAG meta-analysis. Family members of subjects in the GAIN-NTR study were also excluded (except nonbiological members, such as spouses of twins). This resulted in a sample of 1583 subjects with genotype data, and 72% of the sample was female. The year of birth ranged between 1915 and 1994 (median 1958). Subjects were of European descent.
Polygenic risk scores and statistical analysis
The polygenic risk scores reflect a combined effect of a number of selected SNPs [38] . Different P-value thresholds (Pt) of 0.1, 0.2 and 0.5 were used to define large sets of 'risk alleles' in the discovery sample (from the TAG meta-analysis summary-level data). Those sets of risk alleles are used to generate a polygenic risk score for individuals in an independent target sample from the NTR. The individual risk score is calculated by multiplying the number of risk alleles per SNP (0, 1, 2) with the regression coefficient from the GWA meta-analysis, summed over all SNPs in the considered set of SNPs [42] . The individual polygenic risk scores for the NTR participants were calculated using PLINK, with commands: -bfile NTRfile -maf 0.01 -mind 0.1 -geno 0.1 -hwe 0.000001 -score TAG_AOS_P5.dat -out TAG_AOSp5. Only SNPs that overlapped between the TAG sample and the NTR sample were included (Table 1) .
Regression models were used to test the association with the polygenic risk scores based on smoking (predictor variable) and alcohol and cannabis variables (independent variables). Linear regression models were used for continuous variables and logistic regression models for the dichotomous outcome variables. Regression analyses were carried out in Stata (version 9.0) and corrected for family clustering by employing the robust cluster option. Sex and birth cohort were added as covariates. To clarify how much variance is explained by the risk score itself and how much by the covariates, the R 2 of the regression models will be presented including only the polygenic risk score (model 1), the regression model with risk score and sex (model 2) and the regression model with risk score, sex and age.
An association between a polygenic risk score and an outcome variable was considered significant if P < 0.005 (we used a more stringent P-value than 0.05 to correct for multiple testing). We considered the results with 0.05 < P < 0.005 as marginally significant, and discuss the results in this context. Because correlations between the four different risk scores were (relatively) low, we also analysed the four risk scores simultaneously in a regression analysis to explore whether the risk scores have an independent effect when corrected for the other risk scores. Table 2 shows the distribution of the alcohol and cannabis variables for the NTR target sample. Approximately 3.5% of the sample never initiated alcohol use, and those subjects were excluded for age at regular drinking. From the subjects who ever tried alcohol, 22.6% never started to drink regularly and more than half of the subjects (58.7%) started regular drinking after the age of 17. Almost 9% reported drinking more than 20 glasses alcohol per week. In the total sample, 85% had never tried cannabis. Most of the subjects who tried cannabis started at 18 years or older.
RESULTS
All polygenic risk scores for smoking showed a marginally significant association with one or more smoking variables (0.005 < P < 0.05) in our independent target sample, except the polygenic risk score for age at smoking onset (Supporting information, Table S1 ).
The polygenic risk score based on age at onset of smoking was associated significantly with age at which regular drinking started. This risk score was not associated with any of the other alcohol or cannabis phenotypes (Table 3a) . The polygenic risk scores ever and former smoking did not significantly predict alcohol or cannabis use (Table 3b ,c). The risk scores based on CPD were associated significantly with the number of glasses of alcohol per week and cannabis initiation, but not with age at regular drinking or age at first cannabis use (Table 3d) . Figures 1-3 show the regression coefficients or odds ratios of the significant associations, as well as the proportion of explained variance. The polygenic risk score for age at smoking onset explained 1.1-1.5% of the variance in age at regular drinking. When sex and birth cohort were included in the model, the explained variance was higher (around 20% for model 3; see Table 3a ).
The polygenic risk score for CPD predicted 0.4-0.5% of the variance in the number of glasses alcohol per week (see Table 3d ) in the target sample. The polygenic risk score for CPD explained 0.6-0.9% of the variance in cannabis use.
The correlation between the four different risk scores is moderate to low (Table 4) . We compared the risk scores based on Pt = 0.2. The score for ever/never smoking was not associated significantly with the scores for former smoking or CPD. The highest correlation was found 
AOS = age at onset of smoking; CPD = cigarettes per day. between the polygenic scores for CPD and former smoking (−0.20). Because the correlations between the different risk scores were low, we also analysed the four polygenic risk scores simultaneously in a regression analysis. The risk score for CPD still predicted smoking initiation, even when correcting for the other risk scores, while both the CPD risk score and the ever risk score predicted CPD. (Supporting information, Table S2 ).
DISCUSSION
The aim of this study was to investigate the overlap in polygenic risk factors between smoking behaviour and alcohol and cannabis use. Using polygenic risk scores derived from the GWA meta-analysis results of the TAG Consortium we predicted alcohol and cannabis use in an independent sample from the NTR. The risk scores for CPD explained 0.4-0.5% of the variance in glasses alcohol per week and 0.6-0.9% of the variance in cannabis initiation. The polygenic risk scores for age at onset of smoking predicted about 1.1-1.5% of the variance in age at regular alcohol use. The risk scores for smoking initiation and smoking cessation were not associated significantly with alcohol and cannabis use.
When complex phenotypes, such as addiction phenotypes, display a polygenic genetic architecture it is unlikely that GWA studies lead to straightforward results a,b,c,d ) Overview of results from linear (continuous variables) and logistic (dichotomous variables) regression analyses to predict alcohol and cannabis use with polygenic risk scores for smoking. Polygenic scores are based on meta-analyses summary data of the Tobacco and Genetics consortium. Regression analyses are carried out on independent sample from the Netherlands Twin Register (NTR). Sex was used as covariate in the regression analyses. P = P-value from the regression analyses; R 2 = the explained variance; β = regression coefficient; standardized β/odds ratio (OR) = standardized beta from linear regression analyses or OR from logistic regression. The standardized beta coefficients are the estimates resulting from the analysis carried out on the independent variables that have been standardized so that their variances are 1. Therefore, standardized coefficients refer to how many standard deviations a dependent variable will change, per standard deviation increase in the predictor variable. A positive beta reflects a positive association (for example, the higher the polygenic risk score for age at smoking onset, the higher the age at regular drinking). that can be replicated in independent samples. The TAG meta-analysis showed that even with large sample sizes no genome-wide significant results were obtained for smoking initiation and age at smoking initiation. For CPD, a very strong association was observed for the SNPs in the cluster of nicotinic receptor genes on chromosome 15 (15q25.1) [38] . This CPD phenotype was also responsible for significant results in the present study. Interestingly, the significant associations we observed were not driven by the top SNPs on chromosome 15. The association between the polygenic risk score for CPD and glasses of alcohol or cannabis initiation was not significant when a smaller number of SNPs was selected; for example: Pt = 0.01 (data not shown). A recent study composed a polygenic risk score based on four of the top SNPs from the 15q25.1 region and two SNPs from another region (19q13.2). This score was unrelated to smoking initiation, but the individuals with a high score were more likely to convert to heavy, persistent smoking [43] . Another study incorporated a SNP score of 92 top SNPs (based on meta-analysis [23] ) in a developmental model of CPD. The SNP score was associated with CPD, but not with the frequency of alcohol use at different ages [44] .
Our results suggested that, besides the top SNPs from the meta-analysis, a large number of SNPs with all small individual effect sizes contribute to substance (ab)use. The correlations between the four polygenic risk scores for smoking were moderate to low to non-significant. The highest correlation was found between the polygenic scores for CPD and former smoking and it was negative, suggesting that being an ex-smoker is associated with a high number of cigarettes per day. This can be explained by the fact that former smokers reported on the maximum number of CPD while smokers report on their current number of CPD. The moderate correlations between the four polygenic risk scores might be the result of much error variance resulting from random, non-generalizable, non-linear and/or interactive genetic effects. Previous twin studies have suggested some overlap between smoking-related variables, varying from only a small proportion of shared genetic variance [45, 46] between age at first cigarette and smoking variables to a higher genetic overlap between smoking persistence and initiation [47] . A study of the NTR showed two separate dimensions for smoking initiation and nicotine dependence, but those dimensions were not independent [5] . In the present study, the explained variance in the regression analysis varied from 0.4% for glasses of alcohol per week up to 1.5% for age at regular drinking. Other studies reported explained variances varying from 0.1 to 3% [32, [48] [49] [50] . Even when taking all available SNPs into account, the explained variance is lower than the heritability estimates from twin studies [26, 30] . An explanation for this 'missing heritability' problem is that the mutations causing variation in a trait are not in perfect linkage disequilibrium with any of the measured SNPs, and therefore part of the genetic variance is undetected by the SNPs. The causal variants are expected to have lower minor allele frequencies (<0.1) because they are more likely to be subject to some form of natural selection that leads to variants associated negatively with reproductive fitness [51] .
Low reported values of R 2 might not directly reflect the degree of missing heritability, but could also reflect the effect of sampling variation on the variance explained by an estimated score [50] . Because the individual SNP effects are very small, they are estimated with a great deal of error. Although we can obtain an unbiased estimate of a SNP effect, a prediction of a phenotype using the estimated SNP effect suffers from the sampling variance with which the effect is estimated. The crudeness of the measures of substance use in the present study might have limited the explained variance. The worse the estimate of the effect size of the variant in the discovery sample, the worse the variance will be explained by the predictor in the validation sample [49, 50] .
Simulations showed that large sample sizes of the discovery sample are necessary [50] . A strength of the present study is that summary-level results of the TAG meta-analysis were used as discovery sample. The TAG meta-analysis is currently the largest GWA meta-analysis for smoking behavior. The chances of success of polygenic risk score analysis depend primarily on the size of the discovery set. If the sample size is too small, the risk profiles will be based on random noise and are not expected to explain variance in the target set [31, 50, 52] .
For traits with a moderate heritability (h 2 0.40) the required sample sizes of the discovery samples are about twice as high as for a trait with high heritability (h 2 0.80) [50] . Simulations showed that even with high heritability traits the sample size of, for example, TAG is still somewhat low. Besides sample size other factors, such as the proportion of SNPs having effect on the trait, are of importance [50] . We have used four smoking dimensions from the TAG meta-analysis, and the heritability of these phenotypes varied. The fact that a significant association with alcohol and cannabis use was found for the polygenic risk scores of CPD and AOS but not for smoking initiation and smoking cessation might be (partly) explained by differences in heritability. In samples of the NTR the heritability was 75% for nicotine dependence, 51% for CPD, 60% (males) and 39% (females) for age at first cigarette and 36%-44% for smoking initiation [5, 53, 54] . CPD might mirror more 'severe' phenotypes that reflect addictive behaviour (such as nicotine dependence).
The present results support the idea of a shared genetic background between smoking and use of alcohol and cannabis. In conclusion, our data point to a genetic architecture of many common variants with very small ). Bars marked with *P < 0.05; TAG: Tobacco and Genetics Consortium individual effect sizes, influencing both smoking behaviour and alcohol and cannabis use. This analysis provides the first evidence that aggregated genetic risk factors are shared between substances. The finding that genetic variants have cross-substance effects is an important step towards understanding the common co-occurrence of the use of different substances. Our findings suggest that besides 'substance-specific' genes, we will also have to search for 'general substance-use' genes. AOS = age at onset of smoking; CPD = cigarettes per day; ever = ever/ never regular smoker; former = smoking cessation yes/no. *Significant correlations (P < 0.05). Pt = P-value thresholds.
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Additional Supporting Information may be found in the online version of this article at the publisher's web-site: Table S1 . (a,b,c,d ) Overview of results from linear (continuous variables) and logistic (dichotomous variables) regression analyses to predict smoking (ever smoked, cigarettes per day and age at first cigarette) in the target sample with polygenic risk scores for smoking. Polygenic scores are based on meta-analyses summary data of the Tobacco and Genetics consortium. Regression analyses are carried out on independent samples from the Netherlands Twin Register (NTR). Sex was used as covariate in the regression analyses. P = P-value from the regression analyses; R 2 = the explained variance; β = regression coefficient; standardized β/OR = standardized beta from linear regression analyses or odds ratio from logistic regression. Table S2 Best-fitting models when predicting smoking variables [dependent variables: ever smoked, cigarettes per day (CPD), age at regular smoking] with all four polygenic risk scores at Pt = 0.2 [age at onset of smoking (AOS), ever, former, CPD] simultaneously and sex and birth cohort as predictors in a regression analysis. A backward method is used, with P-value threshold of 0.05. Only the variables with at least one significant risk score are shown: (a) ever smoked, (b) CPD.
